THE UNIVERSITY OF TEXAS

A novel machine learning classifier for SCLC MD Anderson

transcriptional subtypes Caneer Center

Simon Heeke', Ivan Valiev?, Mikhail Kleimenov?, Anastasia Sobol?, Evgeny Barykin?, Mikhail Slizen?, Anastasiia Evdokimova?, Vladimir Kushnarev?, Artem Kosmin?, B Ost O n
Anna Butusova?, Francesca Paradiso?, Patrick Clayton?, Sheila T. Yong?, Alexander Bagaev?, Lauren Byers', John V. Heymach', Carl M. Gay’

Introduction

Figure 1. SCLC model development and class definitions Figure 4. Clinical application in future clinical trial
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